Abstract-This paper presents parametric fault diagnosis in mixed-signal analog circuit using artificial neural networks. Single parametric faults are considered in this study. A benchmark R2R digital to analog converter circuit has been used as an example circuit for experimental validations. The input test pattern required for testing are reduced to optimum value using sensitivity analysis of the circuit under test. The effect of component tolerances has also been taken care of by performing the Monte-Carlo analysis. In this study parametric fault models are defined for the R2R network of the digital to analog converter. The input test patterns are applied to the circuit under test and the output responses are measured for each fault model covering all the Monte-Carlo runs. The classification of the parametric faults is done using artificial neural networks. The fault diagnosis system is developed in LabVIEW environment in the form of a virtual instrument. The artificial neural network is designed using MATLAB and finally embedded in the virtual instrument. The fault diagnosis is validated with simulated data and with the actual data acquired from the circuit hardware.
I. INTRODUCTION
Fault diagnosis includes fault detection and fault isolation. Generally digital circuits are the parts of all the electronic systems. The tendency of the fault occurrence is in the analog part of the electronic system. Circuit nonlinearities, component tolerances and due to availability of the poor fault models, the fault diagnosis process in the analog and the mixed-signal analog circuits is a bottleneck in the circuit testing leading to slow evolution in the fault diagnosis processes. Hence fault diagnosis is the major component in the mixed-signal circuit design. Faults in mixed-signal analog circuit are categorized as catastrophic (Hard) faults and parametric (soft) faults. Catastrophic faults occur due to the open and short circuit conditions in the circuit under test. On the other hand parametric faults are because of variation in the values of the circuit components.
The methodologies in the fault diagnosis of analog and the mixed-signal circuit design involve, one using the external testing systems and second Built-In-Self Test (BIST). The results of the test methodologies based on these have been reported for the different benchmark circuits. In the study [1] fault diagnosis based on behavior modeling and hardware description language in digital to analog converter has been reported. This method uses circuit level sensitivity analysis. A built in self test technique with input stimulus using ramp generator is given in [2] . This method is implemented using Tspice and used the simulated data. With this fault diagnosis efficiency achieved is 95.22%. Fault diagnosis in digital to analog converter [3] covers the catastrophic faults. Genetic algorithm is used to generate the optimum test patterns needed for fault diagnosis. A built in self test technique is used for the fault diagnosis in digital to analog converter [4] . The circuit testing is done for the different architectures of the circuit under test. Soft fault diagnosis in digital to analog converter using wavelet analysis is done in [5] . A hundred percent fault diagnosis efficiency is reported with this method. This method represents simulation results and lacks fault diagnosis with real time data. Some of the fault diagnosis results for the mixed signal analog circuit using fuzzy math are also reported [6] . A review of the fault diagnosis in electronic systems based on artificial intelligent technique is presented in [7] , [8] . This leads to the intelligent fault diagnosis system design in mixed-signal analog circuits. It has been observed from the above discussion that although different fault diagnosis methodologies are presented yet these lacks their implementation in real time domain using actual data obtained from the circuit hardware.
In this paper, parametric fault detection in mixedsignal analog circuit using artificial neural networks has been presented. The parametric variations in the component values are analyzed using Monte-Carlo analysis of the circuit under test. The optimum number of the input test patterns is selected using sensitivity analysis in fault diagnosis process. The experimental fault diagnosis results have been presented both with simulated as well as with real time data.
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Finally, development of a virtual instrument using LabVIEW software is given which not only acts as an independent fault diagnosis system but also displays the results visually. The data acquisition in real time implementations is done with NIELVIS II board. Parametric fault diagnosis is implemented and tested for a benchmark R2R digital to analog converter circuit [9] .
II. PROPOSED METHOD
The method is categorized as circuit response measurement, fault classification and development of virtual instrument.
A. Circuit Response Measurement
In the circuit response measurements the circuit is simulated with the Multisim software to get the simulated data. In the real time the data is acquired with the data acquisition system of NIELVIS II board. The optimum number of the input stimulus required for the fault diagnosis process are acquired by analyzing the response data using sensitivity analysis of the circuit under test. Change occurred in the measured response with the change of circuit parameters is known as circuit sensitivity [10] . If the response of the circuit is with respect to the parameter of the component , the sensitivity is denoted by , and is defined as
The equation (1) The fault models are selected with parametric variation ±50% in the resistance values of the R2R network. Parametric behavior of the components is checked by performing the Monte-Carlo analysis. The sensitivity of all the resistances is calculated for each run of all the defined fault models. These sensitivity values are used to derive the number of digital input combinations required to correctly diagnose the faults. The optimum numbers of input digital combinations required for the fault diagnosis process are derived from these sensitivity values of different components.
B. Fault Classification
The sensitivity analysis gives the optimum number of the input digital combinations required for the fault diagnosis. These input combinations are applied for each Monte-Carlo run of each defined fault model to get the output response of the circuit under test. The fault classification includes the preparation of the fault dictionary and then the desgin of the artificial neural network. The fault dictionary includes the values of the output responses for the different fault models. Total number of fault models, output response values and number of Monte-Carlo runs decide the size of the fault dictionary. The proposed artificial neural network model used for the fault diagnosis in mixed-signal analog circuit is shown in the Fig.1 . It is a multilayer artificial neural network containing input layer neurons, hidden layer neurons and the output layer neurons [11] , [12] . The number of input layer neurons are equal to the number of output responses obtained from optimum number of inputs and the number of output layer neurons are equal number of fault models including fault free state of mixed-signal analog circuit.
The neurons in the hidden layer are varied to get the minimum error for the best fault classification. The artificial neural network is trained by using error back propagation training algorithm. It implements training in forward and the back propagation phase. In the forward phase the inputs are applied to the neural network and the output response is collected, by keeping fixed network weights. In the second phase of training the error propagates back and the weights are changed according to the error produced. The error produced is the difference of the actual output value of ANN and the required target output value of the artificial neural network.This training process is repeated until the output values with minimum error is obtained. Mean square error has been taken as the performance metric for artificial neural network and is given as
Where nn T and Y are the target output and output of artificial neural network respectively. In this work artificial neural network is designed and debugged in MATLAB software.
C. Virtual Instrument Design
The virtual instrument designed in LabVIEW software contains two parts block diagram and the front panel [13] . The block diagram involves the graphical code of the fault diagnosis system and the front panel contains displays of the input response values, output of artificial neural network and the fault indicators. It serves as an independent fault diagnosis system and is tested both for the simulation and real time data.
III. EXPERIMENTAL VALIDATION
The proposed method described in the previous section is applied to a benchmark four bit R2R digital to analog converter mixed signal analog circuit. As this mixedsignal analog circuit has already been used as an example circuit in other fault diagnosis studies and is found to be a suitable choice. The fault diagnosis is validated both for simulated and real time data obtained from the circuit hardware
A. Illustration
The circuit shown in Fig. 2 is the benchmark four bit R2R digital to analog converter mixed signal analog circuit We have taken up this mixed-signal analog circuit to illustrate the proposed method. Where R=10KΩ and hence 2R=20KΩ. Therefore the values of the resistances in the R2R network of digital to analog converter are R1= R2=R3=R4=R8=20KΩ and R5=R6=R7=10KΩ. Sixteen fault models namely R1(+), R1(-), R2(+), R2(-), R3(+), R3(-), R4(+), R4(-), R5(+), R5(-), R6(+), R6(-), R7(+), R7(-), R8(+) and R8(-) two for each of the resistances R1 to R8 are defined. The (+) and (-) represents the parametric variation in the component value +50% and -50% respectively. The output response of the DAC is measured for all the sixteen combinations of the input digital signal for all fault and fault free models and the response of the circuit is noted, keeping value of other components within their tolerance limit. 50 Monte Carlo runs are carried out for all the fault models and for the fault free condition. The output response of the circuit under test is measured for each run to prepare the fault dictionary. The parametric variation in resistance values remains within the ±5% of its nominal value under fault free conditions. Now to keep the number of test inputs optimum for fault diagnosis, the sensitivity analysis of the circuit under test is performed using of MULTISIM software for each simulation run of the Monte-Carlo analysis for all the fault models. The Table 1 shows the sensitivity of various components under no fault conditions. Similarly the sensitivities of the circuit components have been found for all the parametric fault models and for each Monte-Carlo run. It has been concluded from these sensitivity values of the circuit components that the test inputs with input digital value 1 to 8 are optimum to diagnose the proposed faults. Finally a fault dictionary has been prepared for the responses of the circuit under test for the optimum number of test patterns derived from the sensitivity analysis of the mixed-signal analog circuit. The Table 2 shows the fault dictionary containing sample value of the output response of simulated and real time data for all the defined fault models.
B. Fault Classification
A backpropagation artificial neural network is designed for the fault classification process. The proposed architecture of the artificial neural network has been designed using artificial neural network tool box of MATLAB software. The input layer of the artificial neural network contains 8 inputs as there are 8 distinguish features in the form of output responses of the circuit under test. The output layer of ANN contains 17 outputs, 16 for the different fault models and one for the non faulty state of the circuit. The number of hidden layer neurons is varied to get the best performance of the artificial neural network. Mean square error of ANN is taken as the performance parameter. The artificial neural network is trained with Levenberg-Marquardt backpropagation (trainlm) algorithm as this algorithm has been proved to be the best in estimation and it gives minimum error as compared to the other training algorithms used in ANN [14] , [15] .
The 867 samples of the output responses are used for training, validation and testing of the artificial neural network. The 70% of the total input samples are used in training the artificial neural network, 15% are used for validation check and the 15% are used for testing. Therefore 607 samples are used for training, 130 samples for validation and 130 samples for testing of the artificial neural network. The random input selection function is used to distribute these inputs in the artificial neural network. The training parameters involve maximum number of epochs 1000, validation sample fail 6 and minimum mean square error. The training, validation and the testing graphs for fault classification in mixed-signal analog circuit are shown in Fig.3 In the fault classification in mixed-signal analog circuit the 19 hidden neurons are used in the artificial neural network design. The best validation performance of the artificial neural network is 2.4637e-05 at epoch 61.
C. Virtual Instrument Design for Fault Diagnosis
The fault diagnosis system has been designed in the LabVIEW environment in the form of a virtual instrument. The results of the fault diagnosis i.e the output of the artificial neural network is made available with visual view by a virtual instrument design. The front panel of the virtual instrument contain eight test input controls namely response1, response2,………and response8, ANN output, and the display variables R1(+), R1(-), R2(+), R2(-), R3(+), R3(-), R4(+), R4(-), R5(+), R5(-), R6(+), R6(-), R7(+), R7(-), R8(+) and R8(-) with visual indicators. The block diagram of the virtual instrument contains graphical code of the fault diagnosis system. This includes input output blocks, artificial neural network and some data processing blocks. The front panel and the block diagram of the virtual instrument are shown in Fig.4 . In the virtual instrument, artificial neural network program is embedded with the help of MATLAB Script node. Finally the output of the artificial neural network is processed to classify the different defined fault in the mixed-signal analog circuit. Along with the other fault models a no fault (NF) is also provided as one of the outputs. It can be seen from the Fig. 4 , that R5(+) is there in the circuit under test. In the front panel of the virtual instrument red indicator shows that fault occurred and the green indicator shows no fault occurred.
IV. RESULTS AND DISCUSSION
In this section results of parametric fault diagnosis using intelligent virtual instrument in four bit R2R digital to analog converter circuit with simulated and with the real time data are presented. The performance of the artificial neural networks designed for the fault diagnosis process is given in the Table 3 . The artificial neural network used in the fault classification in mixed-signal analog circuit uses 19 hidden layer neurons. The artificial neural network gets training in 61 epochs. Mean square error is defined as average squared difference between output and the target values of the ANN. The mean square error obtained for training data is 1.91907e-11, for validation data is 2.46370e-5 and for test data is 2.28248e-5. The regression value in ANN gives measure of the correlation between the output and the target values. The regression value 1 shows their close relation and 0 shows a random relation. The regression value for training data is 9.99999e-1, for validation data is 9.99777e-1and for test data is 9.99794e-1. These values are approaching one show the close relation between output and the target values. The regression plots of the artificial neural network are shown in Fig.5 . With simulated and real time data results are checked for all the defined parametric fault models (R1(+), R1(-), R2(+), R2(-), R3(+), R3(-), R4(+), R4(-), R5(+), R5(-), R6(+), R6(-), R7(+), R7(-), R8(+) and R8(-)) in the R2R network of DAC. It has been concluded that in both the cases the fault diagnosis efficiency is 100%. Here one of the sample results of fault diagnosis test is shown in Fig.4 . 
V. CONCLUSION
In this paper, fault diagnosis in a four bit R2R digital to analog converter using artificial neural network is presented. The novelty of the proposed method lies in the fact that testing of the mixed-signal analog circuit has been presented with less number of input test patterns obtained with the sensitivity analysis of the circuit. This significantly reduces the complexity involved in the fault diagnosis process. In addition to this, the fault diagnosis methodology has been generalized by validating with simulated as well as real time data for a 4 bit DAC. It will also be valid for the other higher architectures of DACs with more number of bits. Moreover analyzing the component tolerances using Monte-Carlo analysis makes the testing of DAC in real time domain.
The use of the artificial neural network leads to the automation in the fault diagnosis process even with the unknown fault features. The development of fault diagnosis system in the form of virtual instrument represents a standalone fault diagnostic system which in turn decreases the human effort needed in the fault diagnosis of mixed signal circuits. Hence it has been concluded that the proposed fault diagnosis system is an intelligent virtual diagnosis system with good diagnosis ability for the parametric fault diagnosis in mixed-signal analog circuit.
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